SPE 63096
Benchmarking of Restimulation Candidate Selection Techniques in Layered, Tight Gas
Sand Formations Using Reservoir Simulation
S.R. Reeves, SPE, Advanced Resources Intl, P.A. Bastian, SPE, J.P. Spivey, SPE, and R.W. Flumerfelt, SPE,
Schlumberger Holditch - Reservoir Technologies, S. Mohaghegh, SPE, West Virginia Univ, and G.J. Koperna, SPE,
Advanced Resources Intl
Copyright 2000, Society of Petroleum Engineers Inc.
This paper was prepared for presentation at the 2000 SPE Annual Technical Conference and
Exhibition held in Dallas, Texas, 1–4 October 2000.
This paper was selected for presentation by an SPE Program Committee following review of
information contained in an abstract submitted by the author(s). Contents of the paper, as
presented, have not been reviewed by the Society of Petroleum Engineers and are subject to
correction by the author(s). The material, as presented, does not necessarily reflect any
position of the Society of Petroleum Engineers, its officers, or members. Papers presented at
SPE meetings are subject to publication review by Editorial Committees of the Society of
Petroleum Engineers. Electronic reproduction, distribution, or storage of any part of this paper
for commercial purposes without the written consent of the Society of Petroleum Engineers is
prohibited. Permission to reproduce in print is restricted to an abstract of not more than 300
words; illustrations may not be copied. The abstract must contain conspicuous
acknowledgment of where and by whom the paper was presented. Write Librarian, SPE, P.O.
Box 833836, Richardson, TX 75083-3836, U.S.A., fax 01-972-952-9435.

Abstract
Studies by the Gas Research Institute have revealed that
improved methods are needed to cost-effectively identify highpotential restimulation candidate wells. Subsequent research has
had the objective of developing such methodologies, and testing
them in the field. The techniques being investigated include
production statistics, virtual intelligence, and type-curves. For
various reasons, field activities have been slow to implement,
limiting the feedback needed to fully test each candidate
selection method. Therefore a reservoir simulation study was
performed to test the methods. The simulation field model
consisted of four reservoir layers of variable properties. Wells
were drilled in three rounds over a 12-year period (120 total
wells). Completion intervals were varied for each well, as were
skin factors for individual layers. Before providing the data to
the project team for analysis, noise was added. These model
features and noise were incorporated into the exercise to best
replicate actual field conditions. Restimulation potential was
established by “restimulating” each well in the model and
observing the incremental production response. Application of
the various candidate selection techniques, and comparing the
results to the known answer, has yielded several important
conclusions. First, simple production data comparisons are not
effective at identifying high-potential restimulation candidates;
better producing wells tend to be better restimulation candidates.
Virtual intelligence techniques were the most successful,
correctly identifying over 80% of the theoretical maximum
available potential. The type-curve technique was not as
effective as virtual intelligence, but still achieved a 75%
candidate selection efficiency.

Introduction
The Gas Research Institute began investigating the potential of
restimulating existing natural gas wells as a source of
incremental, low-cost reserves in 1996. Initial studies revealed
that the potential was substantial (particularly in tight sand
formations), but improved methods were required to costeffectively and reliably identify high-potential restimulation
candidate wells.1 This need was underscored by an observation
that 85% of the restimulation potential for a given field appears
to exist in only 15% of the wells; identification of that 15% is
therefore critical to restimulation economics, but comprehensive
field studies specifically for this purpose are too costly to justify.
Based on these findings, subsequent research initiated
in 1998 has had the objective of developing a cost-effective and
reliable restimulation candidate selection methodology, and
testing it in the field.2 The techniques being investigated for the
virtual
methodology
include
production
statistics,3
4,5,6,7
intelligence
and engineering-based type-curves.8,9 The
techniques were to be applied to four field test sites in the Green
River, Piceance, East Texas and South Texas basins, each
consisting of 200-300 wells and at which five restimulation
treatments were to be performed.10,11 For various reasons, field
activities have been slow to implement, limiting the feedback
needed to fully examine the effectiveness of and optimize each
candidate selection technique. In order to advance methodology
development in a timely manner, a different approach was
needed to validate the performance of each individual candidate
selection technique.
To achieve this, a reservoir simulation study of a
hypothetical tight gas field was performed, inclusive of
restimulation candidates, on which the three primary candidate
selection techniques could be applied. The study objective was
to independently test and validate each candidate selection
technique against a known benchmark, the simulation model, to
identify those that were correctly high-grading the candidates.
Understanding the performance of each technique, and how they
could be improved and integrated into a robust candidate
selection methodology, was a further study objective. This paper
discusses the model development, application of each technique,
the results obtained, and the implications for developing an
integrated methodology.
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Model Descriptions
An overriding consideration for the study was to make it as
realistic as possible; if the findings were to be of value in
developing a practical methodology useful to industry, the
complexities encountered in the field would have to be replicated
in this exercise. In addition, to ensure the techniques were
applied in a manner unbiased by a known result, the project team
was split into two groups, one to perform the simulation and the
other to perform the analysis. No information regarding the
reservoir model was provided to the analytic team prior to the
completion of their analysis outside of that which would
normally be available for a field. In addition, noise was applied
to some of the data to simulate the real nature of some field
information. The following sections describe the simulated field
model, segmented by reservoir description, field development
assumptions, restimulation method, and finally what and how
noise was applied to the data.

Reservoir. The reservoir consisted of 16,000 total acres and
four separate reservoir layers of variable properties (Figure 1).
A dry gas reservoir was assumed. The mean thickness for each
layer was 26 feet, with a mean gas porosity of 3.3% and a
mean gas permeability of 23 microdarcies. A porositypermeability crossplot is shown in Figure 2; while little
correlation exists below a porosity of 4%, a distinct change in
the character of the data exists above that value. This
simulates the true nature of tight sand reservoirs, whereby a
step-change in the permeability profile occurs either where
natural fractures exist or depositional environment changes.
Porosity-thickness and permeability-thickness maps are
provided in Figures 3 and 4, and indicate that the northeast
and southwest corners of the field generally have superior
reservoir properties. The average depth to the top layer is
slightly over 9,100 feet, with 400 feet of relief dipping from
the northeast to southwest. Initial reservoir pressure averaged
4,000 psi; reservoir temperature was 200 degrees Fahrenheit.
Field Development. A total of 120 wells were drilled in the
model in three rounds over 12 years to simulate infill
development so common to tight sand fields. Each drilling
round required 2 years to complete, with 50 wells in the first
(160-acre development), 40 wells in the second (some
undeveloped 160-acre locations plus 80-acre sites), and 30 in
the third (remaining undeveloped 160-acre and 80-acre
locations, plus 40-acre sites). A 160-acre “no drilling” border
was maintained around the perimeter of the model such that
both unbounded and bounded wells could be evaluated for
restimulation potential. A map of the well locations within the
model grid, by drilling round, is provided in Figure 5. In
addition to infill drilling, gathering system pressure was
reduced twice during the simulation life (20 years) to replicate
the installation of compression.
The gathering system
pressure over time, together with the well count, is provided in
Figure 6.
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Since completion intervals in tight sand wells vary
from well to well according to observed reservoir quality as
determined from well logs, different completion intervals were
desired for each well. To accomplish this in a realistic
manner, a 3% porosity cutoff criterion was used. Note that the
absolute magnitude of the porosity cutoff value is not
important, but that a consistent approach to eliminate some
completion intervals was used. Those reservoir layers that had
less than 3% porosity at a particular well location were not
completed. The result was the elimination of 109 of the
potential 480 completions in the model, or 23% of the total.
Interestingly, this also resulted in two dry holes. On average,
there were three completion intervals per well, but the values
ranged from one to four (excluding the dry holes), and the
specific completion layers varied from well to well. In
addition, an arbitrary abandonment rate of 30 Mcf/d was
imposed, and any well not meeting this minimum threshold
was permanently shut in. As a result of this criterion, three
wells were shut in during the simulation. Therefore, a total of
115 wells out of the 120 originally drilled remained for
restimulation analysis after 20 years.
An important aspect of the study was how to
stimulate each completion interval in each well, accounting for
the real variations in effectiveness known to exist from
horizon to horizon, as well as improvements in fracture
stimulation technology over time. A statistical model was
therefore developed to establish original stimulation
effectiveness (in terms of a radial skin factor) for each
individual horizon in each well. Three completion types were
created, each with a probability function over a range of skin
factors (Figure 7). It can be observed from this model that a
Type C completion is more effective than a Type B
completion. In turn, a Type B completion is more effective
than a Type A completion. Therefore, the most recent
Round 3 wells (best technology) received a higher proportion
of Type C completions, and vice versa for Round 1 (more
Type A completions). The specific wells receiving each
completion type in each drilling round were randomly
selected; further, within each well the skin factor for each
horizon was independently determined, although it would be
consistent with the skin factor probability function for that
completion type. The result was a gradual improvement in
average original skin factors over time, but any well from any
drilling round could be a legitimate restimulation candidate.
In addition, perhaps only one or two zones within any given
well were actually suitable for restimulation. It is believed,
based on the field results from this overall project, that this is
consistent with the true nature of restimulation potential.
Finally, to replicate the gradual deterioration of hydraulic
fracture effectiveness over time, the original (negative) skin
factor for each horizon was increased (stimulation
effectiveness reduced) by 5% per year, to a value not
exceeding zero. The resulting distribution of skin factors for
all completions just prior to restimulation is shown in
Figure 8.
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Using all of the above assumptions as input
parameters into the model, a simulation was performed to
establish the production performance of the field over 20
years. The mean 10-year recovery for the 118 wells was 936
MMcf. A map showing the distribution of the well recoveries
is provided in Figure 9.
Restimulation Potential. To estimate the true restimulation
potential on a well by well basis, each completion in each well
was assigned an effective radial skin factor of –4, produced for
an additional 5 years, and the incremental production
computed. If the pre-restimulation skin factor of any layer
was less (more stimulated) than –4, it was not “treated.” Since
the incremental production was being measured based on a
common baseline skin factor (-4), there was no need to reduce
the post-restimulation skin factors (make them less effective)
over time as was done during the pre-restimulation production
phase. Therefore, the post-restimulation skin factors remained
constant over time.
The restimulation potential was computed by
restimulating all wells in the field at the same time. However, to
make sure that interference effects were not affecting the results,
a second case was run where only 15% of the wells were
restimulated, and compared to the incremental production for
those wells under the first scenario. The results showed that the
incremental production difference in all cases was less than 4%,
and that the ranking order of the wells by restimulation potential
was virtually unaffected. This is an intuitively obvious result,
since tight sand reservoirs are well known for a lack of
interference between wells and a need for infill development for
effective drainage.
A bubble map of 5-year incremental production for the
field is shown in Figure 10; larger bubbles represent greater
incremental production. Note the concentrations of highpotential candidates in the northeast and southwest corners of the
grid, where the reservoir properties are more favorable. The 5year incremental by rank, individually and cumulatively, is
shown in Figure 11. Interestingly, all wells in the field had some
incremental potential; this is probably not realistic and may be an
artifact of the aggressive skin-reduction scheme employed. The
mean 5-year incremental production was 125 MMcf; however,
the top 18 wells all had incremental production values exceeding
200 MMcf, the highest being 380 MMcf. It is also interesting to
note that the “85/15 rule” did not apply. The top 18 wells in this
case only accounted for 32% of the total incremental production
for the field, or 4.6 Bcf out of a total of 14.3 Bcf. This resulted
in a much flatter cumulative incremental curve than is believed
would normally exist in the field.
Some of the specific characteristics of the top 18 wells
compared to the total well population are provided in Table 1.
Generally speaking, the top candidates had better reservoir
quality (greater thickness, porosity and permeability), were
completed in more zones, and had a higher proportion of
Round 1 and Type A completions. It is uncertain whether the
Type A completion was the driver of this result, which was
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heavily represented in Round 1 wells, or if older wells were
better candidates. It is also interesting to note that two-thirds of
the top candidates were exterior wells near the outer “no
drilling” boundary of the model, a much higher proportion than
the field as a whole. To evaluate this further, an additional
simulation run was performed without the 160-acre “no drilling”
border. The results of that simulation showed that while the well
ranking order did change, 15 of the wells remained in the top 18
list. Therefore, the exterior position of the restimulation
candidates appears more a function of the superior reservoir
properties located at the northeast and southwest areas of the grid
than the proximity to undrilled reservoir volume.
The major implication of the preceding discussion is
that, generally speaking, the better wells tended to be better
restimulation candidates. This is illustrated in Figure 12. While
the correlation coefficient (R2) is only 0.49, there exists an
undeniable trend in the data, i.e., that better producing wells are
better restimulation candidates.
Individual Candidate Characteristics. The characteristics of
several individual candidate wells, by reservoir layer, were also
examined. That information for the first, fifth and tenth ranked
candidate wells is provided in Table 2. Similar to Table 1, these
wells are weighted towards drilling Rounds 1 and 2 and
completion Types A and B. They also exhibit higher than
average reservoir properties (thickness and permeability). What
is interesting is the distribution of skin factor; a relatively thick,
high-permeability, damaged layer exists in both wells 50 and 45.
Presumably this is where the restimulation potential lies. In the
field, it is also believed that the resimulation potential is
contained in one or more unstimulated or damaged horizons
which co-exist with relatively stimulated completions within a
wellbore.
Data, Noise Models. To make this exercise as realistic as
possible, the data provided to the candidate selection team
needed to replicate the type, amount, and quality as typically
encountered in the field. The data included well number,
location, date drilled, depth, zones completed, porosity and
thickness by zone, completion type, original pressure at datum
depth, and production and line pressure versus time.
However, some data are less certain than others, specifically
log-derived reservoir properties and production data. It is well
known that log interpretation in tight sands is problematic due
to high clay and water contents. The typical result is that net
pays are almost always underestimated. Therefore, a noise
model was developed to randomly understate both porosity
and net pay values 90% of the time, and by as much as 30%.
A comparison of the resulting noisy porosity-thickness to the
actual values is shown in Figure 13.
In addition, production data are typically erratic due to
intermittent shut downs, curtailment, among many other possible
perturbations. It is believed that data accuracy plays a secondary
role to these factors. The concept behind the production data
noise model was therefore to create periods of very low
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production, with some minor noise to replicate accuracy errors.
However, to maintain material balance, the mean of the noise
function set equal to one. The resulting production data noise
function is shown in Figure 14, which also shows a comparative
example of actual versus noisy production. These data were then
provided to the team for analysis.
Candidate Selections
The following section describes the results of the three candidate
selection techniques: production statistics, virtual intelligence
and type-curves. For brevity, only summary descriptions of the
mechanics of each technique are presented here; more detailed
descriptions can be found in the references. It should be stated,
however, that the three techniques were each selected for a
particular attribute that was believed to be advantageous. In the
case of production statistics, this is a rapid and low-cost
technique that is frequently utilized today. On the other end of
the spectrum, type-curves are labor intensive and subject to
interpretation bias, but are the most theoretically correct and
robust from an engineering standpoint for candidate selection.
Neither of these two techniques explicitly takes into account the
many other factors that engineers typically consider when
selecting restimulation candidates, such as completion and
stimulation specifics, geologic variations through a field, etc.
Virtual intelligence techniques are uniquely capable of utilizing
that data for restimulation candidate selection.
Production Statistics. In simple terms, this technique
compares the production performance of each well in a subject
area (i.e., domain) to its offsets (say within 1,000 acres), and
identifies underperforming wells that could be restimulation
candidates. The process utilized is quite advanced in that it
incorporates life-cycle production, early-time performance and
most-recent performance in order to provide insights into why
a well may be underperforming, and attempts to account for
depletion associated with infill drilling. The traditional
drawback of this approach is that it does not identify those
“superior” wells that could provide the most favorable
restimulation results economics. Further, where reservoir
heterogeneity is high, as is the case with many tight and/or
naturally fractured plays, production comparisons alone
cannot distinguish between the effects of reservoir variability
and completion effectiveness. Nevertheless, the selection of
underperforming wells is a common industry practice and
needs to be considered.
Virtual Intelligence. The second analytic technique utilizes
virtual intelligence, specifically artificial neural networks,
genetic algorithms and fuzzy logic, to identify potential
restimulation candidates. Artificial neural networks are
utilized to recognize highly complex patterns in how various
input parameters (e.g., geologic, drilling, completion,
stimulation, workover and location data) impact the output
(i.e., production).
The relative contribution of
“uncontrollable” geologic/reservoir parameters can thus be
separated from “controllable” drilling, completion, and
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stimulation parameters. This in effect is the separation of
reservoir and completion components (i.e., permeability and
skin).
Genetic algorithms are then used to “optimize” the
“controllable” input parameters for any given well, and those
wells where the greatest discrepancies exist between actual well
performance and optimized performance are identified as
potential restimulation candidates. Candidate selections are
refined by combining these results with other information
believed to be important for restimulation candidate selection in
a fuzzy logic decision algorithm. Such information could
include, for example, reservoir properties, current pressures,
producing rates, etc.
Type Curves. The ideal approach to the selection of
restimulation candidates is to directly understand the relative
impact of reservoir and completion properties on the
performance of each individual well and select the highpermeability/high-skin wells for restimulation. An approach
to accomplish this is through the use of production typecurves.
Type curves can provide estimates of the
permeability, skin and drainage area from relatively limited
data. There are several problems with this technique,
however. First, the models are developed for single-layer
reservoirs, and the multi-layered nature of most tight sand
plays render the results suspect. Second, the noise-level of the
production data normally available, plus the inherent
interdependencies of the output parameters, makes achieving a
unique result difficult. Finally, because this method requires
values of net pay and porosity for each well, some interpretive
and potentially labor-intensive petrophysicial evaluation is
required, and the errors associated with such interpretations
are introduced into the process. Recognizing these limitations,
such approaches can still be used in a relative sense to identify
potential restimulation candidates.
Comparison of Results, Implications
In order to evaluate the effectiveness of each technique in a
thorough manner, several types of analyses were performed to
compare the results with the known “answer,” and also to each
other. The first analysis involved comparing the candidate well
selections resulting from each technique to each other. The
reason for this comparison is that the original concept behind the
candidate selection methodology was to develop a low-cost,
rapid technique (e.g., production statistics) to initially screen
potential candidates (or eliminate non-candidates), to reduce the
total well population by about 50%. Subsequent analytic steps,
using virtual intelligence techniques and/or engineering methods
(e.g., type curves), would then be used to select the final
candidates. This would provide an efficient and cost-effective
candidate selection process. However, the analytic results from
each of the field sites showed little overlap in candidate well
selections (i.e., each technique was selecting different
candidates, based on different selection criteria).
The
implications were two-fold: 1) a sequential analytic process
could not be adopted, because of increasing analytic costs, and 2)
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the accuracy and validity of each individual technique remained
in question (i.e., which one, if any, was selecting the “right”
candidates?).
A comparison of the three techniques from this study is
presented in Figure 15. The circled wells are those that appear in
the actual top 18 list of candidates (the top 18 wells represent the
top 15% of candidates). Note that the virtual intelligence method
selected the most actual candidates in an independent manner,
(10). This consisted of 5 wells that were uniquely selected by
that method, one well that was also selected by production
statistics, two wells that were also selected by type curves, and
two wells that were selected by all three techniques. Note that
the virtual intelligence approach selected every true candidate
that was selected by production statistics; this suggests that
production statistics might not provide any incremental value
over the use of virtual intelligence techniques alone. The type
curve technique added three true candidate wells to the
combined selections, making the total number of correct
selections (virtual intelligence and type-curve techniques
combined) 13 out of 18. Note, however, that in practice, one
does not actually know in advance which of the well selections
by each technique are the true candidates.
A second, more detailed evaluation was used to
compare the selections of each technique to the true candidates.
This was accomplished with what has been termed the candidate
selection accuracy and the candidate selection efficiency. The
accuracy compares the rank order of actual to predicted
candidate wells, and the efficiency compares the cumulative
incremental production of the actual to predicted wells. These
plots for each technique are shown in Figures 16 through 21.
Note that in the candidate efficiency plots, a random selection
methodology would result in a straight line curve-fit from the
origin through the last data point in the upper right-hand corner
of the plot (albeit with a positive standard deviation). Hence, an
improvement over random well selections must be above this
line. The best achievable result is the curve representing the true
selections; this is the upper limit to a curve on the plots.
Observing these plots together, one can first conclude
that both candidate selection accuracy and efficiency appear to
improve as one progresses from production statistics to virtual
intelligence to type curve approaches. For a more summary
comparison and evaluation of the techniques, the candidate
selection efficiency for the top 18 wells (top 15%) are shown in
Table 3. At the top of the table is the theoretical maximum 5year incremental recovery from restimulation for the top 18
wells, which is 4.6 Bcf. For reference purposes, random well
selection will on average provide 2.2 Bcf of 5-year incremental
recovery, corresponding to an efficiency of 47%. Of the three
techniques studied, virtual intelligence provided the best
efficiency (83%), followed by type curves (75%), with
production statistics only resulting in a 43% selection efficiency
(less effective than random selection).
For comparative purposes, other non-analytic methods
were also tested. Those methods selected restimulation
candidates purely on the basis of production, using either the
producing rate just prior to restimulation or the 10-year
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cumulative production. These two methods were then ranked
from best to worst. Table 3 presents those results, which indicate
that selecting candidates based on the pre-restimulation rate
alone, with the better producers being the better candidates,
provides a better candidate selection efficiency (85%) than any
of the analytic techniques employed. Further, selecting
candidates based on the worst producing rates in a field, a
common industry practice, is the least effective approach. For
this particular “hypothetical” reservoir, one would be better off
randomly selecting restimulation candidates than selecting the
lowest producing wells in the field.
Analytic Improvements
It is important to emphasize that the above results were obtained
by applying the different techniques to the model dataset in a
manner thought most likely to succeed by the project team.
However, given the results, each member of the candidate
selection team was asked to re-evaluate their technique to see if
it could be improved to achieve a better candidate selection
accuracy and efficiency. Brief summaries of those efforts are
presented below:

•

•

•

Variations of the production statistics technique were
applied to the dataset without material improvements in the
result. While the technique did seem to be able to predict
well performance reasonably well, it does not appear well
suited for restimulation candidate selection.
Several variations of the virtual intelligence method were
also tested to see of the result could be improved. The most
important was when the fuzzy logic algorithm was removed
from the process to investigate the likelihood that this
analytic component, with a strong judgmental bias, might be
influencing the result. The impact was in fact substantial;
candidate selection accuracy declined to 70% without the
fuzzy logic component. Hence, the virtual intelligence
technique was enhanced by the creation of selection rules by
experienced personnel, and should therefore be a core
element of any such approach. Other modifications to the
technique did not materially improve the candidate selection
results.
For the type curves, the focus of the post-analysis was to
investigate what effect the noisy, log-derived data and
production data had on the result. The entire process was
therefore repeated with actual, net pay, porosity and
production data without noise. The result found no
improvement in the selection efficiency. The implication of
this finding is that, even with data inaccuracies, type-curves
can effectively select restimulation candidates. However,
the technique should only be applied in a relative sense;
when type-curve permeability, skin factor and drainage area
results were compared to the actual values, significant errors
existed.
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Conclusions
Based on the results of this study, the following conclusions
have been drawn:

•

•

•
•
•
•

Virtual intelligence approaches appear to have the
greatest potential for efficient, low-cost restimulation
candidate selection. To be effective, such approaches
must include and integrate artificial neural nets, genetic
algorithms and fuzzy logic.
Type-curve approaches can also be effective, but are more
labor intensive. Their effectiveness for restimulation
candidate selection was found to be relatively
independent of inaccuracies in log-derived (i.e., porosity,
net pay) and production data. However, the actual
permeability, skin factor and drainage area results, on a
quantitative basis, were found to be unreliable.
Production statistics do not appear to be effective as a
restimulation candidate selection methodology.
The pre-restimulation producing rate seems to be a
reasonable proxy for restimulation potential, with higher
producing rates indicating higher restimulation potential.
Selecting the lowest producing wells in a field for
restimulation will provide the least incremental recovery.
Random well selection would provide a superior result.
While the conclusions drawn from this study appear
sound, and consistent with field experience, they are
based on a single, theoretical case. Significantly different
reservoir conditions and the practical realities of field
operations requires that their widespread application
should be accompanied by site-specific analysis.
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Table 1 - Characteristics of Top Candidates
Candidates
2
3
4
5%
28%
67%
103 ft.
3.7%
35 µ d
1
2
3
61%
22%
17%
A
B
C
61%
34%
5%
Interior
Exterior
33%
67%

No. Zones

Total Population
2
3
4
17%
33%
42%
83 ft.
3.5%
28 µ d
1
2
3
42%
33%
25%
A
B
C
37%
33%
30%
Interior
Exterior
74%
26%

1
-

Total Net Thickness
Average Porosity
Average Permeability
Drilling Round
Completion Type
Location
10-Year Cumulative
Production

1
8%

1,338 MMcf

937 MMcf

Table 2 – Individual Layer Information for Selected Top Candidates
Well #50

Well #45

Well #85

1
1
A

5
1
A

10
2
B

thickness
permeability
skin

49ft
47µ d
-0.4

43ft
51µ d
+4.4

30 ft
42µ d
-1.0

thickness
permeability
skin

N/A

37ft
17µ d
-0.1

24 ft
50µ d
0.0

thickness
permeability
skin

39 ft
23µ d
+16.0

18 ft
14µ d
-0.1

27 ft
55µ d
-0.3

thickness
permeability
skin

N/A

N/A

22 ft
24µ d
+0.2

Rank
Drilling Round
Completion Type
Layer 1:
•
•
•
Layer 2:
•
•
•
Layer 3:
•
•
•
Layer 4:
•
•
•

Table 3 - Comparison of Methods
Approach
Actual
Best Pre-Restim Rate
Virtual Intelligence
Type Curves
Best 10-Year Cum.
Random
Production Statistics
Worst 10-Year Cum.
Worst Pre-Restim Rate

Incremental
(Bcf)
4.566
3.896
3.807
3.421
3.272
2.150
1.949
0.775
0.735

Efficiency
(Top 18 Wells)
100%
85.3%
83.4%
74.9%
71.7%
47.1%
42.7%
17.0%
16.1%
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Init - Net Thickness (ft)
50

•

45

40

35

•
•

30

•
0.0

25

O rigin
20

•
15

S
E

W

10

•

N
5
01/01/1980 00:00:00

0.0000 days

7 total layers (4 reservoir, 3 interzone seals), all laterally
continuous
16,000 total acres (26,400 feet x
26,400 feet)
49,392 total gridblocks,
84 x 84 x 7 (28,224 active)
D epth to top layer 8,928 to 9,328
feet (400 feet of relief, gently
dipping N E to SW at 6°), no faults
O riginal datum pressure of 4,000
psi (0.43 psi/ft.); original datum
tem perature of 200 °F.
Single phase gas (0.7 S.G .), no
w ater saturation

Fig. 1 - Overview of Reservoir Model

Fig. 2 – Porosity – Permeability Crossplot
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Fig. 3 - Porosity-Thickness Map
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Fig. 4 - Permeability-Thickness Map
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-

R o u n d 1 w e lls

•
•

R o u n d 2 w e lls

SPE 63096

Field history “begins” in January 1980.
Three phases of drilling:

R o u n d 3 w e lls

– 50 wells, Jan. 1980 to Nov. 1981.
– 40 wells, Jan. 1985 to Nov. 1986.
– 30 wells, Jan. 1990 to Nov. 1991.

•

Well locations selected randomly
among available sites.
– Round 1: 160 acre units
– Round 2: 160 + 80 acre units
– Round 3: 160 + 80 + 40 acre units

•

•

160 acre “border” maintained around
development; no-flow boundary
thereafter.
Only completed in zones with actual
∅>3% (2 dry-holes were drilled).

Fig. 5 - Field Development Plan
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Active wells

140

1200
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Note: An economic limit of 30
Mscf/D was used; 3 wells were shutin during the simulation as a result
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Fig. 6 - Schedule of Compression Installation
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• Stimulation practices improve over
time

Stimulation Type
Drilling Round

-4

A

B

C

Total

Round 1

60%
(30 wells)

20%
(10 wells)

20%
(10 wells)

50 wells

Round 2

20%
(8 wells)

60%
(24 wells)

20%
(8 wells)

40 wells

Round 3

20%
(6 wells)

20%
(6 wells)

60%
(18 wells)

30 wells

Total

44 wells

40 wells

36 wells

120 wells

• Stimulation type consistent for each
well, but effectiveness independent
for each completion interval
• Stimulation effectiveness declined at
5%/year, to no less than zero.

Fig. 7 - Stimulation Effectiveness Model
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Figure 8: Distribution of Skin Factors, Just Prior to Restimulation

18.5

17.0

15.5

14.0

6.5

5.0

3.5

2.0

0.5

0%

-1.0

0

-2.5

10%

-4.0

20

-5.5

Frequency

60%
100

Cumulative Frequency

70%
120

12.5

0.1

-2

9.5

0

Com p C

0.4

11.0

4

Com p A

0.6

Com p B

8.0

6

S ki n fa cto r

SPE 63096

11

12

S. R. REEVES ET AL

SPE 63096

118 Data Points, Mean = 935,815 Median = 859,976
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Fig. 9 - Distribution of 10-Year Cumulative Recovery
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Fig. 10 - Bubble Map of 5-Year Incremental Production
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ulative
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• Top 15% (18 wells) represent 4.566 Bcf of increm ental, or 32%
of total.

Fig. 11 - Incremental and Cumulative Production versus Restimulation Potential Rank
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Fig. 12 - Crossplot of Incremental Production versus Pre-Restim Rate
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Fig. 13 - Comparison of Actual to Noisy Porosity and Thickness Data
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Fig. 14 - Production Data Noise Function
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Fig. 15 - Comparison of Candidate Selections
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Fig. 19 – Candidate Selection Accuracy,
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